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Patch Characteristics of Post Fire Landscapes in the Crown of the Continent Ecosystem,
Montana, USA
Committee Chair: Carl Seielstad Cf\S
The combination of the effects of fuels, weather, and topography result in a diversity of
burning conditions that create a mosaic of severity patches on the landscape. The post
fire landscape characteristics of eleven fires in the Crown of the Continent Ecosystem
were investigated. Using a remote sensing derived method of measuring fire severity,
severity patches were identified and measured with traditional patch, class and landscape
metrics. Power-law analysis, a technique new to fire severity research, was used to
determine if similarities exist in post-fire landscapes in the study area.
Traditional landscape metrics exposed little in the way of pattern or predictability in
terms of post-fire landscape configuration or composition. The power-law analysis
revealed that each of the fires in the study area exhibited the power-law distribution, and
share very similar frequency-area characteristics in terms of patch size, evidenced by the
similarity in the (3 coefficient of the frequency-area statistics. This result is significant, as
it exposes a previously unknown characteristic of post-fire structure that appears
ubiquitous in the CCE. In addition to the wildfires, one prescribed bum was studied and
found to exhibit power-law behavior similar to the wildfires.
These results allow for comparisons between fires in the CCE. These comparisons will
be important in monitoring the fire process, and deviations in fire regime due to a variety
of factors including management activities, and changing climate conditions.
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Chapter 1: Introduction
Fire behavior and, to a lesser extent fire effects, have been the subject of a great
deal of research. Fire behavior refers to the characteristics of the flames themselves,
including fireline intensity, flame length, flame height, rate of spread, and spotting
(Whelan, 1995). Fire effects are measured after the fire has passed. Both components are
often used to describe fire regime. Fire regime has been defined by several methods
(Davis et.al, 1980; Heinselman, 1981; Jonhson and Van Wagner, 1985) but in each case
the goal is to describe the fire process, and to group areas which exhibit similarities in
that process. It is important to distinguish between two oft confused terms, fire intensity
(behavior) and fire severity (effects). Intensity refers to the energy released by the passing
flaming front, i.e., the fire burning through the available fuels. Fire severity is the net
effect of the fire on the landscape after is has passed. There is no simple relationship
between behavior and severity. A fire of low intensity may or may not be very severe,
and the converse holds true as well. According to Brown and Smith (2000), severity
reflects both the behavior of the passing fire front on vegetation, and the heat released by
fuels that bum after the fire front has passed. Therefore behavior and severity are
certainly related.
There is no agreed upon method of quantifying fire severity. Wang and Kemball
(2005) described severity as the consumption of the duff layer. Other studies have used
percent of overstory mortality to quantify fire severity (Hardy et al, 2002; Morgan et al,
1996). For the purposes of this work, fire severity is defined by the Delta Normalized
Bum Ratio, a satellite derived measure of the change in vegetative cover after a fire. The

ANBR measures reflectance from all strata of vegetation and from bare rock and soil, and
is therefore not solely a measure of overstory consumption.
Fire severity determines the vegetation and fuel characteristics of the post fire
landscape, which in turn affects the behavior of future fires. Therefore, an understanding
of the pattern of fire severity is critical if one wishes to a) manipulate these patterns to
affect some change in the way fire interacts in the system, or b) ensure desired fire
processes by maintaining that pattern.
Although fire ecologists continue to advance studies related to fire severity
(Barrett et al., 1991; Diaz-Delgado et. al., 2003; Fraser and Cihlar, 2000, Wang, 2002),
spatial patterns that result from variability in fire severity are not well described or
investigated. While little is known about the degree of heterogeneity in fire effects
exhibited within fires in ‘like’ geographic regions, anecdotal evidence suggests that many
fires in these regions behave similarly time after time. For this reason, local knowledge is
important for fire suppression activities, and fire managers are taught to confer with local
authorities on the conditions that contribute to certain fire behavior in specific areas.
Since local knowledge is considered a good basis for fire behavior prediction, it would
imply that fire effects, or severity, might be place-dependent as well. Some methods of
describing fire regime also imply that patterns of fire effects resulting from wildfire are
place-dependent, and is a concept used extensively in scientific research (Whelan, 1995)
and management activities (Allen et al., 2002). Fire regimes are based on the assumption
that certain pre-fire conditions result in repeatable and predictable burning characteristics
that allow geographic areas to be grouped by the type of fire and fire effects that can
reasonably be expected to occur there. The concept of fire regime, then, suggests that the

effects of fire (i.e. severity) are repeatable at certain scales and should therefore be
predictable to some degree. Since fire severity is driven to a large extent by the same
factors that determine fire regime (i.e., fuels, weather and topography), it is logical to
hypothesize that those fires in ‘like’ fire regimes will exhibit similar patterns of severity.
An exploration of this concept in the Crown of the Continent Ecosystem (CCE) (fig 1),
Montana is the basis of the research project described here.
The first part of the study is a characterization of post-fire landscape structure as
described by ranges of variation in patch, class and landscape characteristics. For this
section I quantify patch, class, and landscape metrics that represent certain characteristics
of the post-fire landscape in terms of the pattern of severity caused by fire. These
measurements are analyzed to determine general characteristics of post-fire heterogeneity
in the region.
The second part is an investigation of the applicability of the power-law
distribution to bum severity patch sizes. If the power-law distribution is applicable, it
would facilitate comparisons of post fire structures, identification of similarities or
differences between fires, and inference about the level of randomness of the landscape.
For this section I investigate the bum severity patch size distribution for each fire in the
study, plus one prescribed fire in the area. Additionally, I explore the differences in
severity class between small, medium, and large patches, and calculate recurrence
intervals for patches of different sizes.
I utilize the Landsat-based Delta Normalized Bum Ratio (ANBR) (Key and
Benson, 1999) for the investigation of spatial pattems and patch size characteristics
resulting from fire severity in the CCE. ANBR is a suitable method for a study of this

t. . R e d ® n c h

^

_

pA dair

_

.

G a a e r National ParK

'Ana
ose

. 1

Great Bear Wildemess

Crown of the Continent Ecosystem
Study Area with fire locations
Landsat TM Imagery

Bob Marshall v\^ldemess

Scapegoat WItderness

Canyoa

. 40 .

^

wO

K ilo m e te rs

Figure 1 The crown of the C ontinent Study area with each of the eleven study fires labeled. The CCE
is comprised of Glacier National P ark and three w ilderness areas managed by the USDA Forest
Service. Landsat images are from path 40, row 27, July, 20,1988 (lower image) and path 41, row 26,
July, 7, 2001 (upper image).

nature as it is an objective way to quantify fire effects systematically across broad
temporal and spatial scales. In the study’s two parts, presented in Chapters 2 and 3
respectively, I used historic Landsat Thematic Mapper (TM) and Enhanced Thematic
Mapper+ (ETM+) data to derive NBR data and the accompanying patch, class, and/or
landscape descriptive data. Both parts of the research include analysis of large fires that
have occurred in the region since 1984 (the temporal extent of available Landsat TM
data), but the methods may be applied to expand the scope of the research to comparisons
between fires of different regions, fuel types, and years.
The implications of this work are potentially significant. If there are characteristic
pattems of fire severity, fire managers should be better able to implement prescribed fire
that approximates conditions within an historic range of variability. The concept of fire
regime has helped fire managers in ponderosa pine stands of the American southwest to
implement prescribed fires that they feel fall within that historical range (Allen et al.,
2002). Quantifying fire severity pattern will serve to further define the historical range of
variability, allowing managers to refine prescribed fire strategies, particularly in the
mixed-severity regimes of the CCE. Conversely, if results of this work suggest that each
fire is unique, important questions would be raised about the validity of the fire regime
concept or the wisdom of managing for historical conditions. In addition to the fire
management practices in the field, this information can serve to refine the role of fire in
biogeochemical models by allowing regional gross nutrient reallocations following fires
rather than modeling the effects of each fire individually.
Specifically, the questions addressed in this work are (a) what is the range of
heterogeneity in pattern of fire severity in post-fire landscapes (b) is there a predictable

patch size distribution, (c) do prescribed fires have similar severity patch size
distributions as naturally caused fires, (d) can we calculate reliable recurrence intervals
for fire and patch sizes, and finally (e) how does the distribution of severity classes vary
with patch size?

Chapter 2: Site Description and Methodology
In this chapter I discuss the study area and the methods used. The study area
discussion includes a brief synopsis of each of the fires in the study. The description of
the methodology includes the derivation of the ANBR data, a definition of severity patch,
and other data considerations applicable to the use of remotely sensed data. Specific
details of the landscape pattern and power-law analyses follow in subsequent chapters.

Study Area and Description o f the Fires
The CCE encompasses Glacier National Park and three wildemess areas. The Bob
Marshall, the Scapegoat, and the Great Bear (Fig. 1). The study area also includes
adjacent areas outside the aforementioned political boundaries that were burned by fires
predominantly within them. While the lines drawn around the study area are political,
they bound a system that exhibits similarities in fuels and vegetation, weather and
topography. Though these characteristics are not homogeneous throughout the area,
sufficient similarities exist for us to treat the area as a coherent unit. Significant
differences exist along the west to east and elevation axes, but the area from north to
south exhibits relative homogeneity in vegetation and topography. The CCE is
encompassed by the Temperate Steppe Mountains eco-region (M330) (Bailey, 1984).
The CCE consists of a nearly unbroken chain of mountains running north to
south. The study area ranges from low elevation grasslands, to west-side cedar groves, to
alpine. Elevation ranges from approximately 760m to 3,190m atop Mt. Cleveland near
the Canadian border. A significant east to west climatic gradient exists as well, with high
elevation sites on the west side receiving approximately 350cm of precipitation per year.

compared to approximately 40cm per year on low elevation east-side sites (Selkowitz et.
al, 2002). This gradient has profound effects on fuel types and burning conditions
throughout the entire length of the CCE. Fire season in the CCE typically begins in June
and may last into October. Most of the CCE is relatively remote and rugged. Therefore
lightning, not people, is the predominant source of ignition.
The fires selected for the study burned in all portions of the study area and under a
variety of conditions and management strategies. I have included in the descriptions
below all available and pertinent information from the archived Daily Situation Reports
and remote automated weather station (RAWS) data. It would be helpful to know the
exact number of days the fires burned and the number of active burning days, but this
information is difficult to find. Ignition dates, as well as dates of last significant activity,
are approximate in most cases.

1. Canyon Creek 1988: 1988 was a significant year for wildfires in the Northern
Rockies, and three major wildfires occurred in the CCE. The largest of these was
the Canyon Creek fire, which started on June 25 in the North Fork of the
Blackfoot River and burned 82,191 ha of the Scapegoat Wildemess and adjacent
lands over 112 days (Ward et. al., 1993). This fire is well known for a major
wind-driven run it made on September 6 and 7, during which the fire grew by
47,500 ha in nine hours. Initially managed to accomplish resource objectives,
Canyon Creek was eventually put into active suppression status on August 29
(Ward et. al., 1993).

2. Gates Park 1988: The Gates Park fire burned in the Bob Marshall portion of the
CCE in late summer of 1988. It is one of the largest fires in the study at 23,123
ha. The fire occurred in an area of varied terrain and fuel conditions that ranged
from meadows to mixed conifer forest.

3. Red Bench 1988: The Red Bench fire burned in 1988 in the northwest portion of
Glacier National Park and adjacent Flathead National Forest lands. This was the
smallest of the 1988 fires in my study, at 13,993 ha.

4. Adair Fire 1994: Adair (Adair II) was managed as part of the North Fork
Complex that burned from late August (approx 8/31) to mid September (approx
9/13) in 1994. Supression action was taken on some fires and others were
managed to accomplish resource objectives. The total area burned was 4056 ha.
This predominately low severity fire was a result of very high relative humidity
and maximum temperatures that ranged from the low sixties to low eighties.
According to the Polebridge RAWS station, the minimum RH for the duration of
the fire was 18%, while the maximum approached 100% on most days.

5. Starvation 1994: The Starvation fire started on approximately 8/17/1994 and
burned 3014 ha until the fire was confined at the end of August. The fire occurred
near the Canadian border on the west side of GNP. Suppression activities on this
fire included direct attack, dozer line and burnout operations were all utilized on

this fire. The Starvation fire burned near the Adair Fire on the same year, but
under lower RH, and higher temperatures.

6. Challenge 1998: The Challenge fire started on or around 9/2 and had grown to
3,092 ha by approximately 9/15. The initial significant growth was the result of
heavy winds and spotting up to 0.8km. The last day of significant growth was
approximately 9/7. This fire was managed as a suppression incident and burned
largely in remote and roadless areas. According to data from the West Glacier
RAWS, the mean high temperature during the fire was 85.2 deg F, the mean high
RH was 99.1333% and the mean low RH was 20.4%.

7. Kootenai 1998: The Kootenai fire burned 3,444 ha by September 6. The complex
was managed as a PNF with some contingency line in place to protect resources.
The fires overlapped temporally with the Challenge fire, though the Kootenai fire
showed little growth on some of the Challenge fire’s very active days.

8. Anaconda 1999: The Anaconda Fire was started by lightning on the west side of
Glacier Park at the end of August and continued to bum until the end of
September burning a total of 4,038 ha. The fire was allowed to bum to accomplish
resource objectives. Most fire activity occurred between 9/4 and 9/25 due to high
pressure, above average temperature, and low relative humidity, according to the
Daily Situation Report.
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9. Parke Peak 2000: The Parke Peak fire started on 7/23 and burned into September.
The fire started at an elevation of approximately 1,800 m near the head of Kintla
Lake. Strategies for management of the fire ranged from suppression to a policy
of confinement due to heavy fuel loading and difficult terrain. A total of 827 ha
were burned, making Parke the smallest fire in this study.

10. Moose 2001: The Moose fire started in mid August outside the western boundary
of GNP and was originally managed under the Werner Peak Complex. It burned
until October and covered 27,712 ha, though the last significant growth occurred
in early September. The full range of suppression activities was brought to bear
on the Moose, including direct attack and large scale burnout operations. The fire
saw several large fire growth days with large runs and large patches of high
severity.

11. Biggs Flat 2001: The Biggs Flat fire burned almost entirely within the perimeter
of an earlier fire included in this work, a unique occurrence in this study. Fuels
ranged from conifer regeneration from the Gates Park fire, to open meadows and
grasses. The fire started in late September, 2001 and burned actively into early
October. Biggs Flat was managed to accomplish resource objectives with
confinement and monitoring actions taken.
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ANBR Image Development
Processed ANBR data for several fires were obtained from Glacier National Park.
These data were derived from Landsat TM, and ETM+ images. The data were in the
preferred format (reflectance) and geometrically corrected. Additional NBR images were
generated with non-calibrated LANDSAT data acquired from EROS Data Center.
The ANBR technique requires two Landsat images, a pre-fire scene and a post
fire scene captured as close as possible to one year after the pre-fire scene. In order to
compare two images, certain radiometric corrections must be made. Scenes must have
standardized units, and corrections must be made for sources of variation, such as Earthsun distance and solar elevation (Lillesand and Kiefer, 2000), which are dependent upon
seasonality of the image capture. Since solar irradiance decreases as Earth-sun distance
increases, this variation must be considered in the calibrations. Likewise, solar elevation
must be corrected for if multiple scene comparison is desired. As solar elevation
decreases, solar energy has to pass through more of the Earth’s atmosphere en route to
the Earth’s surface, thus increasing opportunity for scattering and path radiance. To
control for these sources of variation, the digital number (DN) values of the original
Landsat data are converted to at-satellite reflectance (Markham and Barker, 1986). This
conversion involves first changing DNs to radiance units (eq 1):

^LMAX;^-LM1N;^^
QCALMAX

QCAL

Equation 1

Where QCAL is the calibrated radiance in DN; LMINx is the spectral radiance at QCAL
= 0; LMAXx is the spectral radiance at QCAL = QCALMAX; and Lx is the spectral
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radiance value in milliwatts per square centimeter per steradian per micrometer. LMIN
and LMAX tables for all TM bands are provided by Markham and Barker (1986),
QCALMAX is a constant depending upon the sensor in question, 255 for TM (Markham
and Barker, 1986). With the DNs converted to radiance (Lx) the conversion to at satellite
reflectance (eq. 2) can be made via the following equation:

ESUN^ ^ cos Os
Equation 2

Where p^ = at satellite reflectance; Lx is the spectral reflectance calculated from equation
I, d is the Earth-sun distance; BSUNx is solar exoatmospheric irradiance in milliwatts per
square centimeter per micrometer; and 0s is the solar zenith angle in degrees. ESUNx is
provided by Markham and Barker (1986). Solar zenith angle is provided in the image
header file, and the Earth-sun distance (eq. 3) is given by the following equation:

d= 1-0.01674 cos(0.9856 (JD-4))

Equation 3

where JD is the Julian Day (Mather, 2004).
With these radiometric calibrations completed, the pre and post fire images can be
compared and differenced.
Several methods have been used to derive fire severity information. Examples
include spectral change detection methods such as the normalized difference vegetation
index (NDVI) (White et al, 1996; Key and Benson, 1999), as well as TM band 7
reflectance (Key and Benson, 1999). Ground-based measures such as the composite bum
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index (CEI) and, most primitively, sketch mapping have been used as well. Key and
Benson (1999) compared ANBR, NDVI and TM band 7, and found ANBR to be the best
measure of fire severity. Brewer et. al. (2005) also compared several methods of
measuring fire severity with Landsat imagery, and found ANBR to be a highly useful
technique.
The NBR (eq. 4) is formulated similarly to the NDVI but utilizes TM (or ETM+)
bands 4 and 7 (instead of TM 3 and 4 for NDVI). TM bands 4 and 7 measure near and
mid-infrared reflectance, respectively. Healthy vegetation reflects 40-50% of the near IR
energy incident upon it, but absorbs energy in the mid-IR spectral range. Conversely,
bare rock and soil reflect 40-50% of mid-IR energy (Lillesand and Kiefer, 2000). After
fire, near IR reflectance typically falls and there is a rise in mid ER. Thus NBR provides a
sensitive measure of fire severity. The NBR is calculated as follows:
. „ nearIR - midlR
NBR = --------------------nearIR -I- midIR
Equation 4

Scaling the difference of the bands by the sum normalizes the at-sensor brightness and
helps to account for illumination and topographic variation (Key and Benson, 2004.) The
NBR formula is applied to the Landsat data via the ERDAS Spatial Modeler.
The next step is an image differencing (eq. 5), yielding the delta NBR that is ultimately
used in this project:
a n br

= {n b r ^^,_,„-n b r ^^^,_J

Equation 5

This subtraction yields ANBR with a theoretical range of -2000 to 4-2000. ANBR values
near zero occur in unbumed areas, the highest values occur in the most severely burned
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areas, while values below zero occur where the fire has resulted in increased vegetative
vigor. These areas of enhanced vigor are often observed in extended assessments in
grassy areas (Key and Benson, 2004). Classification was done via thresholding values
used by Key and Benson, and outlined in table 1. Although thresholds are sometimes
Severity Class
Enhanced Regrowth
Unbumed
Low
Moderate-low
Moderate-High
High

ANBR value
<-150
-1 5 0 -1 4 9
1 5 0 -3 2 5
326 - 485
486 - 720
721 4-

Table 1 Severity class threshold values for ANBR classifîcation

adjusted according to ground observations, a static regime was necessary in order to
preclude introduction of an uncontrollable source of variation. Since the fires took place
over a wide spatial and temporal range, ground truthing the sites was either impractical or
impossible. The thresholds values used have been found to be appropriate on several fires
in the study site. Additionally, when cutoffs are adjusted they seldom vary more than 50
points (Key pers com, 2004)

Data Considerations
To input the NBR data into the landscape analysis software, FRAGSTATS
(McGarigal, et. al., 2002) the images must be subset to the fire perimeter, so areas outside
of the fire (i.e., the landscape) are not included in the analysis. Perimeters were either
derived from the NBR images from a combination a hand digitizing and region growing
operations by the USGS (USGS bum severity mapping project website), or were taken
from the Lewis and Clark National Forest (LCNF) fire history data set, many of which
were constructed with GPS. Occasionally, these perimeters were not perfectly aligned
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with the outline of the fire as defined by the NBR, so some manual reshaping of the
perimeters was needed. This could present a source of variation as some of the metrics
are calculated based on fire size, however this is a logical option for determining the
extent of the landscapes and the resulting perimeters matched closely to the NBR data.
Working with classified remotely sensed data requires definition of a minimum
mapping unit. The size of MMU can impact calculation of patch, class and landscape
metrics (Saura, 2002), therefore the smallest patch size should be uniform for all images
in a study in order to eliminate potential bias. As MMU increases, the chance that the
class captures actual conditions on the ground increases, but a representation of
variability decreases. In this study, choice of MMU was based on desired grain size and a
need to ensure that the patches displayed had a reasonable likelihood of representing
conditions on the ground. Landsat data for the bands in use here have a spatial resolution
of 30 meters, and the resulting NBR data retain that property. NBR data were resampled
to a 90 meter pixel size that represents the minimum mapping unit and smallest possible
patch. A 90X90 m MMU captures sufficient variability while allowing for reasonable
certainty that the patch classification is accurate. This was done with a simple nearest
neighbor function, in which pixels are placed into patches of minimum size (90X90
meters) based on the value of proximal pixels. This method was compared to a more
complex cubic convolution method of resampling in pre classified images, but the
differences between the two were found to be negligible. Additionally, when working
with classified NBR data, nearest neighbor is the most appropriate technique as it does
not change values and produce an unwanted additional class.
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Patch Definition
Patches are measurable and are indicative of ecological processes (Forman and
Godron, 1986). Patch analysis has been used to measure forest vegetation characteristics
(Sachs et al, 1998), landscape heterogeneity (Li and Reynolds, 1994; Schroeder and
Perera, 2002), and processes (Keane et. al., 1999). Here, a severity patch is defined
simply as a 90X90 meter pixel (0.81 ha) with an NBR value. A nine-pixel MMU has
been used in several studies (Kie et al., 2002), and is appropriate for the 30X30 meter
pixel of Landsat imagery. The term “landscape” will be defined as a geographic region
that is comprised of a mosaic of patches that relate to the process under consideration
(Foreman and Godron, 1986). For this project the term “landscape” will refer to
individual fires.

Landscape Metrics and Fower-Law
The FRAGSTATS analysis consists of a collection of individual patch, severity
class and landscape metrics used to quantify the post-fire landscape. These are commonly
used and accepted as suitable descriptors. In the power-law section I investigate the
applicability of the power-law distribution to severity patch size datasets. Specific
descriptions of the FRAGSTATS and the power-law methods will be discussed in their
respective chapters.
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Chapter 3: Traditional Landscape Metrics
An understanding of spatial pattern is important, as ecosystem function is a
consequence of that pattern (Forman and Godron, 1986). W ithout some method of
quantifying what we see in terms of spatial pattern, the use of categorical maps is limited
to subjective visual interpretation. Metrics are needed to interpret that information on the
basis of individual patches, all patches of a particular class, and the entire landscape.
Quantitatively describing landscape structure is one of the major focuses of landscape
ecology, and patch, class and landscape metrics are used to that end in many projects.
New metrics and new computer programs designed to compute them are constantly
evolving, oftentimes in response to a specific research questions (McGarigal and Marks,
1995). The development of widely applicable programs such as FRAGSTATS and
increasing user-friendliness of GIS programs have resulted in increased use of patch,
class, and landscape metrics in ecological studies. Metrics have been used to study the
difference between logged and unlogged forest (Schroeder and Perera, 2002), forest
pattern in the Klamath-Siskiyou region (Staus, et al., 2002) and historic range of variation
in forest structure in Yellowstone National Park and adjacent National Forest land
(Tinker et al., 2003).

FRAGSTATS Analysis
FRAGSTATS was used to quantify the post-fire structure in the CCE. I used
contagion (CONTAG) and patch density (PD) as landscape metrics; and percent of
landscape (PLAND), PD, and perimeter area fractal dimension (PAFRAC), as class
metrics. These were chosen based on a lack of redundancy among them, relative ease of
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interpretation, and specific characteristics that make them applicable to post-fire severity
patches (described below). A description of each of the metrics follows.
The “dum piness” of categorical maps is represented by contagion (eq. 7):

E Ik= l

(Pi)

8 ik

8 ik

1=1

\ k=i

CONTAG = 1 +

21n(m)

y

( 100)

Equation 7

Where P, = proportion of the landscape occupied by class i; gik = number of adjacencies
between class types i and k; and m = number of patch types present in the landscape
(McGarigal et. al. 2002). This metric is given as a percentage, with higher percent
contagion indicating a more aggregated landscape. Contagion (CONTAG) ignores
individual patches but measures the probability of adjacency of pixels of like classes. It
does not include information on which type of class is predominant, but gives one value
for the entire landscape (Gustafson, 1998). Given the assumption that some forest types
rely on a mosaic of patch types and ages to restrict the growth of fires (and other
disturbances such as insects and disease), contagion is a meaningful metric for describing
fire processes and resulting patterns. The choice of this metric reflects the hypothesis that
the driving factors behind fire severity (wind, fuels, and topography) are responsible for
the aggregation of the post fire landscape, and that given a change in any or all of these
factors, contagion would increase or decrease. For example, a strong wind event during a
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grass fire might be a homogenizing force, resulting in a landscape with few large patches,
and a high percent contagion.
A relatively simple but useful metric for describing landscape composition is
patch density (eq. 8) (McGarigal et. al., 2002)).
PD = ^ (10,000X100)
A
Equation 8

PD is used in this study to describe the density of patches of a particular class
within a landscape (a class metric), and the density of all patches in the landscape
regardless of their attribute (a landscape metric). When used as a class metric, n, is the
number of patches in the landscape of patch type (class) i, and A = total landscape area
(m^). As a landscape metric, n is the total number of patches in the landscape. PD
describes in general terms the patchiness of the area (McGarical et. al. 2002). In post fire
studies, one may make general assumptions about the fire using PD alone, but used in
conjunction with other spatially explicit metrics such as CONTAG and PAFRAC, PD can
provide a basis for comparison and an idea of landscape heterogeneity. The use of this
metric is based upon the notion that the number of patches created by fire is an indicator
of the degree of net change on the site, resulting from the synergy of fuels, weather and
topography, and commonly thought of as fire severity.
The heterogeneity of patch shape is measured by PAFRAC:
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Where aÿ is the area of patch y in m^, pÿ is the perimeter of the patch in m, and n, is the
number of patches. PAFRAC (eq. 6) is not correlated to contagion, patchiness, or
evenness; nor is it affected by proportion of each patch type or spatial arrangement of
patches (Li and Reynolds, 1994). PAFRAC yields a unitless range of values from 1 to 2,
with lower values indicating a less complex shape. There is no spatial component to the
fractal dimension equation. Patch shape is a meaningful metric when applied to post fire
landscapes, as patch shape may be due to topographical or meteorological influences on
the event. For example, heavily wind influenced fires tend to result in elliptical patches
with the major axis running parallel to the direction of the wind (Anderson, 1983).
Therefore, similarities in this metric might suggest similar burning conditions. This
metric will describe the variation of the patch shape from a square standard (McGarigal
et.al., 2002), but will not provide information on the orientation of the patch.
The percent of landscape area that falls into each severity class is measured by
PLAND. This is a simple descriptive measurement that is calculated for each severity
class.

FRAGSTATS results and discussion
An idea of a range of variation in post fire landscape structure is important in
evaluating the effectiveness of forest management practices such as prescribed burning.
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Calculating landscape and class metrics for large fires allows us to quantify the degree of
change caused by these events (Tinker et. al., 2003). Quantifying landscape structure for
each large fire since 1988 in the CCE enables us to ask the question: what is the range of
variability in landscape and class structure in the ecosystem? This in turn provides a
baseline from which future observations of fire severity can be made and hypotheses
tested, and is critical to understanding forest pattern and disturbance legacies in general
(Foster et al., 1998). A spatially explicit and uniformly quantifiable method for studying
these landscape processes may be used to construct a “spatial fire almanac” that would
aid fire management decision making. Over time, this collection of spatial data may
allow us to understand the range of variability and identify trajectories or trends in the
results of disturbance processes. Additionally, it would provide some context for the
metrics, allowing us to use them more effectively for comparison and in statistical
analyses.
Variable topography, weather, and fuels conditions result in a range of post fire
structures as measured by landscape and class metrics. Following is a description of 11
fires in the CCE from 1988 to 2001 based upon these metrics.

Sum effect o f large fires on the CCE, 1988 to 2001
iMudscape Metrics
In total, the fires in my study area account for 167,812 ha of burned area in the
CCE from 1988 to 2001, over 15% of the total area in the CCE as defined by my study.
Of the area burned, 28% fell within the “High Severity” range as defined by the NBR.
Therefore, with the largest fires in the time period in question accounted for, a reasonable
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conclusion is that only four percent of the study area burned in a stand replacing fashion.
The resultant landscape structures varied substantially from very patchy with low
dum piness such as the Biggs Flat fire (PD=35.6308 per 100 ha, CONTAG=14.8979) to
landscapes with fewer patches and more dum piness such as the Gates Park fire
(PD= 17.2808 per 100 ha, CONTAG=22.6614). The range of all landscape and class
metrics are shown in Table 2.
In general, there are configuration and composition differences between large
(over 10,000 ha) and small fires where large fires result in lower patch densities and
higher contagions than smaller fires (Table 3). This resembles a “threshold response”
observed in some systems that are affected by large infrequent disturbances (Romme, et
al., 1998). The threshold response idea suggests that landscapes below a certain
magnitude threshold display similar characteristics, while above that point “all bets are
o f f ’ in terms of structure.

Class Metrics
The proportion of area burned in each of the severity classes varied greatly from
fire to fire, although the largest fires commonly contain a great deal of area in the high
severity class (Table 4). Canyon Creek, Gates Park and Moose each resulted in post fire
landscapes that included over 30% high severity, while the Adair fire exhibited the
smallest relative area high severity at 3.734% of the total area burned.
For all fires, the PAFRAC is lower for the ‘high’ class than it is for the ‘moderatehigh’, ‘moderate-low’ and ‘low ’ classes. These high severity classes have a more uniform
shape than those that burned with mixed or low severity, as PAFRAC measures a patch’s
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Table 2
Landscape metrics for all wildfires in the study.

Total Area
(TA) (ha)
4,056.48
4,037.85
2,318.22
82,191.51
3,092.58
2 3 J2 T 8 8
3,444.12
27,712.53
827.82
13,993.56
3,014.01
827.82
82,191.51
15,255.69

Adair
Anaconda
Biggs flat
Canyon creek
Challenge
Gates park
Kootenai
Moose
Parke peak
Red Bench
Starvation
M inim um
M axim um
M ean

Number of
Patches (NP)
730
742
826
14,743
858
^,996
811
4,864
276
%^35
602
276
14,743
2816.64

Patch
Density
(PD)
18.00
18.38
35.63
17.94
27.74
17.28
23.55
17.55
33.34
18.12
19.97
17.28
35.63
22.5

% Contagion
(CONTAG)
25.08
21.80
14.90
17.73
16.43
22.66
16.99
21.40
13.65
21.32
20.75
13.65
25.08
19.34

Table 3
Range of landscape metrics for large and small events

Small events*
minimum
827.82

Total area
(ha)
Number of
276
patches
Patch
18.00
density
Total edge ^48,132
Edge
112.69
density
Contagion
13.65

maximum
4,056.48

mean
2970.15

Large events**
minimum
maximum
13,993.56
82,191.51

858

692.14

2 535

14,743

6,534.5

35.63

2123

17.28

18.12

17.72

456,480
135.76

2,655,76
124.71

1,535,670
100.83

8,910,450
109.74

3,922,538
106.02

25.08

18.51

17.73

2266

20.78

mean
33,256.98

♦fires under 10,000 ha (Adair, Anaconda, Challenge, Kootenai, Parke Peak, Starvation, Biggs Flat)
♦♦ fires 10,000 ha and over (Red Bench, Canyon Creek, Gates P ark, Moose)
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Table 4
Class metrics for all wildfires in the study
* Insufficient sample size for PAFRAC

Fire
Adair

NP

Class Area (ha)

PLAND

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

1113.75
1563.3
800.28
380.7
151.47
46.98

27.4561
38.5383
19.7284
9.385
3.734
1.1581

216
114
208
134
41
17

5.3248
2.8103
5.1276
3.3034
1.0107
0.4191

1.623
1.7078
1.6442
1.5782
1.4822
1.3754

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

1258.74
1108.89
678.78
591.3
392.04
8.1

31.1735
27.4624
16.8104
14.6439
9.7091
0.2006

167
193
202
128
48
4

4.1359
4.7798
5.0027
3.17
1.1888
0.0991

1.6616
1.6607
1.6575
1.6328
1.433
N/A*

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

467.37
224.37
498.15
717.66
408.24
2.43

20.1607
9.6785
21.4885
30.9574
17.6101
0.1048

108
171
194
168
182
3

4.6587
7.3763
8.3685
7.2469
7.8509
0.1294

1.5827
1.638
1.6781
1.6388
1.6335
N/A*

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

14753.34
10455.48
9751.59
15737.49
24821.64
6671.97

17.95
12.7209
11.8645
19.1473
30.1998
8.1176

2122
3707
3979
2998
1142
795

2.5818
4.5102
4.8411
3.6476
1.3894
0.9673

1.6265
1.6626
1.6649
1.656
1.5128
1.6416

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

511.92
425.25
451.17
842.4
849.69
12.15

16.5532
13.7507
14.5888
27.2394
27.4751
0.3929

151
230
208
155
99
15

4.8827
7.4372
6.7258
5.012
3.2012
0.485

1.5686
1.6018
1.6759
1.6997
1.5915
2

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

5524.2
3423.87
2400.03
3349.35
7766.28
660.15

23.8896
14.8066
10.379
14.4844
33.5855
2.8548

418
1015
1096
954
226
287

1.8077
4.3894
4.7397
4.1256
0.9773
1.2411

1.6031
1.6693
1.6401
1.6465
1.5156
1.5594

Severity

PD

PAFRAC

Anaconda

Biggs Flat

Canyon Creek

Challenge

Gates Park
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Fire
Kootenai

Class Area (ha)

PLAND

PD

PAFRAC

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

610.74
694.98
672.3
1021.41
439.02
5.67

17.7328
20.1787
19.5202
29.6566
12.7469
0.1646

155
211
218
123
99
5

4.5004
6.1264
6.3296
3.5713
2.8745
0.1452

1.5676
1.6892
1.7076
1.6789
1.5731
N/A*

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

4855.95
4493.88
4047.57
5629.5
8472.6
213.03

17.5226
16.2161
14.6056
20.3139
30.5732
0.7687

800
1075
1353
1120
428
88

2.8868
3.8791
4.8823
4.0415
1.5444
0.3175

1.5643
1.6516
1.6557
1.6631
1.5138
1.5173

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

121.5
187.11
160.38
179.01
176.58
3.24

14.6771
22.6027
19.3738
21.6243
21.3307
0.3914

64
60
72
50
26
4

7.7311
7.248
8.6975
6.04
3.1408
0.4832

1.5697
1.6729
1.6373
1.6622
1.4762
N/A*

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

1520.37
2250.99
2487.51
3568.05
4098.6
68.04

10.8648
16.0859
17.7761
25.4978
29.2892
0.4862

454
580
669
541
236
55

3.2443
4.1448
4.7808
3.8661
1.6865
0.393

1.5742
1.6723
1.6528
1.6408
1.4923
1.5665

unburned
low
moderate-low
moderate-high
high
enhanced regrowth

578.34
916.92
585.63
552.42
379.08
1.62

19.1884
30.4219
19.4303
18.3284
12.5773
0.0537

148
130
177
98
47
2

4.9104
4.3132
5.8726
3.2515
1.5594
0.0664

1.6119
1.6534
1.6537
1.6311
1.4514
N/A*

Severity

NP

Moose

Parke Peak

Red Bench

Starvation
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deviation from a uniform shape. In the case of fire, uniform patches are caused by a
strong influence of one of the factors that drive fire behavior (fuels, weather, and
topography) (Chandler, et. al., 1983). The low PAFRAC of the ‘high’ classes makes
sense then, as stand replacing fire is often the result of extreme wind events, topographic
features or fuel conditions. This study of the metrics reveals variable levels of
heterogeneity, with no discernable pattern.
As with many studies that use these metrics, it is difficult to interpret the results.
We can describe each fire in a spatially explicit way, state ranges of post fire structures,
and describe qualitative trends such as the potential “threshold response” between large
and small fires. There may be little practical use for land managers at this point as it is
difficult to place the metric values in context, and therefore difficult to make inferences
from their values. Additionally, an analysis of 11 fires cannot be considered an adequate
description of an historical range of variation. This is, however an interesting descriptive
exercise, and an important first step in collecting sufficient data to begin to identify an
historical range of variation.
These shortcomings make a simpler alternative with a narrower focus more
appealing. One such alternative is the power-law analysis, described in Chapter 4 below.
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Chapter 4: Power-Law Analysis
Power-law distributions have been used to describe the behavior of a wide range
of natural processes including riverbank erosion (Fonstad and Marcus, 2003), rock fall
(Dussage-Peisser et. al., 2002), earthquakes (Malamud and Turcotte, 1999), and wildland
fire (Minnich and Chou, 1997; Turcotte et. al, 2002; Maluamud et. al., 2005). Put simply,
the power-law used here (eq. 9) is a relationship in which the quantity /(frequency) can
be expressed as a power of another quantity A/r (size, or magnitude) (Bak, 1996). The
power-law equation is written as:

Equation 9

where A f is the size of a fire or of a fire severity patch, f (Af ) is the frequency of
patches of size A/r, and a and P are constants (Malamud et. al., 2005). Power-law
distributions are “heavy tailed” distributions that display a very large number of small
events compared to very few large ones. They are also considered scale invariant, as the
frequency-area relationship remains constant over changing scale. This distribution
results in frequency-area statistics in which the relationship between/(Ap) and A/r is linear
in log-log space. These frequency-area statistics provide P and a which are descriptive of
the process under investigation and will be addressed fully with regard to fire patch size
later in this work. W hen /( A /r j and A /r are plotted in log-log space, p is the slope of the
line, and a is the y-intercept. The connotation of these parameters depends on the
processes being studied, although in each case a statistically significant similarity in p
between different landscapes or regions is indicative of nonrandomness in the system
(Minnich and Chou, 1997).
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The ability of power-law distributions to predict the likelihood of events of a
certain magnitude has been utilized by insurance companies as a method of risk
assessment and is well documented in the literature (Malamud, 2005; Hergarten, 2004;
Malamud and Turcotte, 1999). There are many potential uses for this information, such as
risk assessment, modeling inputs, and simply supplementing what we already know about
the influence of fire on a landscape in terms of severity. To obtain recurrence intervals
(eq. 10), I placed p and a into the following equation;

T (> A ^) =

f r + l Y> ^ - l Y
I
yV

‘■F

y

E quation 10

where x is the time period covered by the data, P and a are the slope and y
intercept of the power-law equation respectively, A r is the region I calculated the
recurrence interval within, and A f is the size of the patch or fire I calculated the
recurrence interval for (Malamud et. al., 2005). This equation is used to determine the
likelihood of a patch or fire of size X occurring in a given time frame. That is, given the
slope and y intercept of the frequency area data, we can determine the average time
between occurrence of a patch (or fire) of size A f occurring in an area of interest, A r .
Several caveats for the application of this equation are presented by Malamud et. al.
(2005): first, the events may not be temporally correlated and second, the largest events
in the sample are so few in number that recurrence intervals for those events are suspect,
making the technique only suitable for small and medium sized patches or fires. These
techniques would prove very useful to the evaluation of risk when applied to fire sizes.
The presence of power-law behavior is often considered evidence that the system
is in a self-organized critical (SOC) state (Bak, 1996). Self-organized criticality is a
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relatively recent and controversial idea suggesting that events such as earthquakes, fires
and rockfall are controlled through a continual feedback loop of endogenous factors
(Bak, 1996). In a self organized system, inputs are of constant intensity, while outputs
vary substantially. For example, in the sandpile model, the input is a single grain of sand,
while the output is landslides of varying size (Malamud and Turcotte, 1999). With
regards to fire, the input of constant intensity is the source of ignition (lightning, for
example) while the output is the size of a burned patch. W hether one accepts that the
power-law implies self-organized criticality or not, it is difficult to argue with the claim
by Malamud et. al. (2005), that fires “constrain and are in turn constrained by”
vegetation. This feedback at least suggests that the fire-vegetation relationship does selforganize and will overcome environmental factors to repeat the power law behavior time
after time.
Although the applicability of SOC theory to fire remains uncertain, the
implications of it for fire management are potentially significant, as it suggests that large
events are inevitable, and that specific predictions about future events are impossible
(Bak, 1996). While SOC implies that details about specific events are impossible to
predict, regional characteristics and probabilities of events of certain magnitudes
occurring are within reach. For fire patch size considerations, SOC theory requires that
we abandon the hope of predicting when and where events of certain magnitudes will
occur, and accept only that the full range of patch sizes will occur somewhere, at some
time (Bak, 1996).
Despite the relationship between SOC and power-laws that is cited in many
studies (Fonstad and Marcus, 2003, Malamud and Turcotte, 2000, Turcotte et, al., 2002),
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it is important to note that the significance of power-laws in characterizing fire regimes
does not require acceptance of SOC, and many authors avoid the topic completely
(Hergarten, 2004; Dussauge-Peisser, et. al., 2002).
Initially, power-law studies were focused in modeling environments. The
“sandpile model” and the “forest fire model” were both early observations of power-law
behavior. The “forest fire model” consists of a simple grid, each cell of which is either
empty or contains a “tree”. Randomly placed ignitions either land in an empty cell (no
fuel), or they bum the tree contained in the cell and the trees in adjacent cells. Fire sizes
from each model run follow a power law distribution, with many small fires and a few
that percolate from one end of the grid to the other (Drossel and Schwabl, 1992).
Similarly, the sandpile model describes the behavior of landslides in terms of individual
grains of sand tumbling from a pile, and is among the simplest and oft used examples of
power-law behavior in distribution of landslides (Bak, 1996). Early modeling work gave
way to applications of this work to actual natural processes, and the discovery that many
of these processes follow power-law relationships closely.
Dussauge-Peisser et. al. (2002) showed that the size of rock fall disturbances
follow a power-law distribution for three distinct study areas in the US and Europe.
Additionally, they assert that the power law relationship has predictive value given an
understanding of regional geologic and climatic conditions. In the rockfall example, p is a
descriptor of the rock fall regime in the area, and a is an area-specific level of rock fall
activity by volume of debris. The P values for their study do not vary substantially from
one geographic location to the next, while a varies broadly. This suggests that frequencyarea relationship of rockfall is similar between sites, but the frequency of occurrence
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varies. The similarity of the power laws from varying geologic conditions suggest that
one standard equation for a region might be used to model rock fall hazard.
Fonstad and Marcus (2003) studied riverbank erosion on several streams in
Yellowstone National Park. They found robust power-law relationships for the size of
streambank failure in all of their study sites, and suggest that this is evidence of self
organized critical behavior. They support the conclusion of Dussauge-Peisser et. al.
(2002) that although stream bank failures at specific sites are not predictable, the
probability of an event of a certain magnitude may be predicted. They hypothesize that
some deviation in the {3 values may be due to differences in stream channel gradient, as
steeper channels may preclude a bank from building up sufficient material for a large
failure, but assert that watershed-wide riverbank stability is an impossible goal.
Numerous authors have investigated the relationship between frequency and area
of forest fires. A power-law relationship, where many small events are observed
compared to a few large ones, has been demonstrated for historical fire size data from
regions across the U.S. as well as other countries. These studies have been grounded in
both modeling environments (Turcotte et. al., 2002), and in natural systems (Malamud et.
al. 2005). The focus of several of these studies is the frequency-area distribution of fire
sizes across a landscape, in which the associated (3 and a values are thought to be
indicative of the ecological effects of the disturbance process. For example, Malamud et.
al. (2005) showed that fires within disparate regions on the U.S followed power-laws, and
hypothesized that (3 values are sensitive to regional variations in fire regime. The authors
employed Bailey’s eco-region concept (Bailey, 1984) to map the spatial distribution of
resulting p values across the United States and found an East to West gradient. Since P is
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the ratio of large to small fires, the authors assert that higher values in the Eastern U.S is
intuitive, as higher population density, less continuous forested area, and different
climates make larger fires less common. In the case of fire size, a shift in the a value
represents a shift in the relative density of fires in the study (Malamud, pers commun,
4/19/05). This notion is supported by the work presented here. An understanding of the
ecological importance of p and a is crucial to the application of the power-law concept in
the CCE, as it transforms the work from a simple observation of a naturally occurring
statistical distribution into a valuable predictive tool which may have significant utility in
the study and management of wildland fire.
Minnich and Chou (1997) applied power-law concepts to their study of the
differences in fire regime between the chaparral of Southern California and Northern
Baja, Mexico. They used p values to compare the fire-size distributions of two different
regions of chaparral, and determined that differences in these values indicate dissimilar
fire regimes. The authors claim that the mosaic created by fires is an example of self
organization since a time lag that exists between fuel buildup and burning. This time
dependence indicates that the results of each fire are influenced by past fires, and will
influence future fires on the site. They point out that while the synergy of exogenous
factors ensures that patch structure is not static, self-organized criticality ensures that
distributions of patch sizes are nonrandom and follow the power-law.

Power-law behavior in the CCE
Fire sizes have been shown to follow power-law distributions in the U.S. and
elsewhere (Malamud et. al., 2005). The same is true for fires in the CCE and surrounding
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lands. I acquired fire data from the FAMWEB archive
(http://famweb.nwcg.gov/weatherfirecd/index.htm) and included fires from Glacier
National Park, and all USES ranger districts that intersect the CCE study area. I
calculated frequency-area statistics for 9,847 fires that burned a total of
938,396 acres from 1970 to 2004. The distribution is robustly power-law (r^=0.97) for
total fire size (Table 5, Fig. 2). While previous research has shown that p values vary by
region, the presence of a power-law distribution for each region (and in the CCE)
suggests that fire exhibits similar non-random characteristics, in terms of size
distribution, across large geographic areas of the U.S. (Malamud et. al., 2005) as well as
other parts of the world (Turcotte et. al., 2002). The p from the CCE (p=1.398) varies
from the P published by Malamud et. al. (2005) for the corresponding Temperate Steppe
Mountains eco-region (P=1.49). This may be because the Temperate Steppe Mountains
eco-region is significantly larger, at over 30 million ha (it encompasses the CCE), and the
analysis of fires in that region included significantly more fires (15,487).

Power-Law analysis o f patch sizes
Identification of a power-law distribution for fire sizes in a region suggests non
randomness in the distribution of fires on the landscape (in terms of frequency-area).
Taking this idea one step further to examine the distribution of patch size within fires
gives us insight into patch structure and the behavior of individual fires. Patch size for
each fire in the study presented here also followed a power-law distribution (table 6).
Furthermore, the P values for each fire are nearly identical, suggesting that distribution of
patch sizes is independent of the character of the fire that caused them, as each fire
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Table 5
Results of frequency-area analysis for fire sizes in the CCE

Region

Years

CCE

19702004

Total
Area
(ha)
379,755

Number
of fires

P±2a

log a ± 2a

r2

9,847

1.398 ±0.078

-3.12 ±0.52

.97

Fire size data were obtained from the FAMWEB database and included fires from Glacier National
P ark and USFS.

-
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-
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/rA/rj=-3.12 + -1 .4 0 *
R-square = 0.97

-
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1
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1
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Figure 2. Frequency-area plot for all fires in the CCE from 1 9 7 0 - 2 0 0 4 . is the log of the num ber
of fires per unit bin, divided by the bin size, divided by fire size. A f is the log of fire area bins. 48 fire
size bins are plotted. The slope of this line (-1.40) is p, and the y intercept (-3.12) is a. This linear
relationship between frequency and area in log-log space is the indicator that the fire size
distribution is power-law. The units are pixels, where 1 pixel equals .81 ha, or 2 ac.
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Table 6

Number of
Patches

P ± 2o

log a ± 2a

r2

1988

Fire
Area
(pixels)
101,471

14,743

1.97 ±0.905

-0.893 ± 0.2045

.99

1988
1988
1994
1994
1998
1998
1999
2000
2001
2001

17,157
28,395
3,721
5,008
3,818
4,252
4,985
1,022
2,862
33,790

2,492
3,950
602
730
858
811
742
276
826
4,784

1.91 ±0.155
1.89 ±0.1185
1.79 ± 0.85
1.73 ±0.1295
1.89 ±0.1515
1.91 ±0.0975
1.75 ±0.1585
1.91 ±0.2425
1.94 ± 0.134
1.88 ±0.0925

-0.997 ± 0.2465
-1.106 ± 0.226
-0.969 ±0.1455
-1.082 ±0.395
-0.842 ±0.219
-0.893 ±0.1469
-1.114 ±0.2395
-0.798 ± 0.249
-0.708 ±0.1675
-1.082 ±0.395

.97
.98
.99
.98
.97
.99
.97
.96
.98
.99

Fire

Year

Canyon
Creek
Red Bench
Gates Park
Starvation
Adair
Challenge
Kootenai
Anaconda
Parke Peak
Biggs Flat
Moose

Results of frequency-area analysis for patch sizes for all fires in the study.
All patch and fire area d ata were derived from LANDSAT derived ANBR images. Closely grouped p
values indicate sim ilar ratios of large to small patches for each fire.
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experienced very different burning conditions. This is a new finding in the area of powerlaw behavior and raises a number of intriguing questions about the nature of post fire
landscapes.
It has been suggested in previous studies of fire size distributions that a can be
treated as the relative density of fires in the study area (Malamud pers com, 2005). In the
examination of fire size distributions from various eco-regions in the U.S, log a varied
substantially (-3.60 to -5.18) (Malamud et. al., 2005). This concept is easily translated to
the work presented here as the density of patches in each fire. For all fires in the study,
log a exhibits a strong relationship with patch density (r^= 0.78) (fig. 3) and contagion
(r^= 0.85) (fig. 4). These numbers strongly back this interpretation of log a. If we apply
this logic to previous regional research of fire size distribution, it can be concluded that
similar spatial heterogeneity exists for the regional arrangement of fires as for the
patches, since the variability of log a is ubiquitous in these studies. Additionally, if one
can accept the idea that CONTAG and PD are indicative of spatial heterogeneity, so too
is log a. While PD and CONTAG vary from fire to fire along with a values, p remained
relatively constant. This is interesting, as p is considered a descriptor of fire regime in
regional studies of fire sizes, and could be considered a measure fire effects on landscape
structure in the work presented here. The paramount question then, is how P addresses
post-fire structure, and what ecological information can be extracted from it.
For patch size distribution statistics, p represents the ratio of large to small
patches. It is not sensitive to the spatial arrangement of the patches, or to their NBR
severity class. It can, however be considered a fire effects metric, as similarity in the
value suggests similarity in the result of fire on the landscape in terms of patch sizes.
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Figure 3. Plot of relationship between patch density and log a for all 11 wildfires in the study.
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Figure 4. Plot of relationship between contagion and log a.
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-0.70

Malamud et. al. (2005) consider P to reflect regional fire regime characteristics.
Specifically, they say that higher values in the Eastern U.S. indicate fewer large fires
relative to small ones, which may be due to a variety of factors, including fewer areas of
continuous forestland or different climatic conditions. This idea can be applied to the
patches within individual fires to surmise that a difference in P is due to a difference in
some parameter(s) that controls fire severity, and similarity in p suggests the
converse. As p is relatively constant between fires, it can be concluded that the structure
of post-fire landscapes with regard to patch sizes is nonrandom. While the specific
synergy of causal mechanisms that result in observed structures or landscape metric
values are elusive, the robust power-law behavior indicates a system in which certain
factors parameterize the end result time after time.
The observed power-law relationship means that, statistically, post-fire patch
sizes in the CCE are not sensitive to environmental factors. This strong power-law
behavior observed for each of the fires at least suggests that fire in the CCE is a self
organizing phenomenon. This has many implications for managers. In self-organized
systems, “catastrophic” events are inevitable (Bak, 1996). Applied to the CCE, this
suggests that very large patches, such as those observed in the Canyon Creek fire, will
continue to occur, and the distribution of patch sizes will be nearly identical to other large
fires in the ecosystem. It is important to remember, however, that this application of the
SOC theory assumes no information on the severity of the patches. Therefore, while SOC
suggests that the patch size distribution will remain power-law, and that very large
patches will occur, the severity of those patches is not implied.
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Reconciling why the results of the FRAGSTATS and power-law analyses yield
such seemingly disparate results is difficult at first. Likely, both methods simply measure
different aspects of the effects of fire on the landscape, and the spatial component (as
measured by FRAGSTATS) is too variable to expect any uniformity in specific post-fire
spatial pattern. Similarity in |3 between fires does not require uniformity in spatial
arrangement of patches within a landscape. Each fire demonstrates the power-law with
respect to patch size, despite the spatial complexity of the patch structures and differences
in levels of post fire heterogeneity. Although initially, an attempt was made to discern
some pattern through the use of landscape and class metrics (Chapter 3), this approach
proved dissatisfying, as the range of the metrics for each fire was quite broad. The
observed variability in metrics is actually predicted by SOC theory, which indicates that
specific spatial structures cannot be predicted. Despite the apparent differences in spatial
structure, the examination of power-law behavior does indicate some uniformity in terms
of the ratio of large to small patches. The similarity of p for each fire (they are all within
two o of one another) suggests a non-randomness that is not apparent in the investigation
of landscape metrics. Although exogenous factors combine to result in an infinite number
of possible post-fire structures, the observed variability in spatial structures obviously
does not preclude a fire from being power-law.

South Fork o f the Sun Prescribed Fire
Land managers often use prescribed fire to restore the role of natural fire to lands
that have been managed under fire suppression regimes. The logic is that fire plays a
crucial role in many ecosystems, and restoration of that disturbance is a step toward
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mimicking the conditions of pre management natural systems. Additionally, prescribed
fires are implemented to create fuel breaks that are designed to stop wildfires from
entering certain areas. The first of these goals rely on the assumption that prescribed fire
will results in similar post-fire conditions as wildfire. However, fires lit by managers are
allowed to bum only under certain weather, and fuel conditions that are designed to
constrain its activity. Of course, wildfires adhere to no such prescription. This begs the
question, if prescribed fires are not allowed to bum under the full range of conditions
encountered by wildfires, how well do they approximate the effects of wildfires? The
South Fork of the Sun (SFS) prescribed fire was carried out by the Lewis and Clark
National Forest within the Scapegoat Wildemess area, and within the bounds of the study
area. The project was designed to create a fuelbreak that would prevent wildfires from
moving out of the wildemess area. The project was to be implemented in stages to be
bumed in consecutive years. NBR data from the portion of the fire that bumed in Fall,
2003 was used to derive patch sizes and to calculate the frequency-area statistics just as
was done for the eleven wildfires. In this instance, the frequency-area statistics for the
prescribed fire were very similar to the wildfires, and power-law (R^=0.71) (fig. 5). The p
and a for SFS are within the range of variation of the other fires (table 7). It appears then,
that this prescribed fire is similar to the wildfires in post-fire structure when patch size
distribution is used as the metric. While information based on a single prescribed fire
may not be a sufficient platform from which to base future management decisions,
similar analyses would be simple to carry out in the future. Nevertheless, this single
example provides intriguing information on the structure of post prescribed fire
landscapes.

41

Table 7
Results of frequency area analysis for patch sizes in the South Fork of the Sun prescribed burn

Fire

Year

S. Fork
Sun
Prescribed
Fire

2003

Total Area
(acres)
1^95

Number of
Patches
259

P ± 2a

log a ± 2a

r2

1.412 ± .6 8

-1.257 ±.6715

0.71

The S. Fork of the Sun prescribed fire resulted in frequency area statistics for patch sizes th at were
power-law.

-

2.0000

-

OO
-2.5000 -

-3.0000 -

-3.5000

/fA/rj=: -1.26 +-1.41 * A
R-square = 0.71
I
10

Figure 5. Frequency-area plot for the S. F ork of the Sun prescribed V\re.f(Af) is the log of the
num ber of fires per unit bin divided by bin size, then divided by fire size.
is the log of patch area
(pixels). 11 patch size bins are plotted. Ipixel equals .81 ha, or 2 acres.
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A determination that this prescribed fire resulted in a landscape structure that falls
within the range of variation of a representative sample of wildfires from the area may be
valuable, and is just one example of how this relatively simple measure of post fire
structure can be used to ascertain the effectiveness of prescribed fires that are intended to
mimic wildfires (although this was not the intent for the SFS). Additionally, these
methods may be used to measure the effects of fuels management of the landscape. With
this information, managers have data backed by sound methodology that can support
their actions, or prescribe manipulations to their tactics.

Fire Severity fo r Individual Bin Sizes
Patches within each size bin were evaluated to determine the distribution of
severity classes within the size bins for the eleven wildfires. The goal of this analysis was
to determine if patches of a given size were biased towards a particular severity class.
Used in conjunction with recurrence interval information, knowledge of the within-bin
severity types may enable us not only to predict the number of patches of size x but to
predict the likely severity classes of those patches as well.
The smallest size bins are made up of a fairly bell shaped distribution of severity
classes (fig 6a-6d), although none of the distributions are normal as defined by the
Kolmogorov Smirnov test (table 8). As the patch size size bins increase, the distribution
skews towards unbumed islands and higher severity, with the distributions of the largest
bins being comprised entirely of high severity patches and unbumed islands. Skewness
and kurtosis generally increases as the distributions begin to appear less normal in the
larger bin sizes. The distributions become increasingly bimodal with increasing bin size.
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Figure 6. Fire severity by bin size. Tbe distribution of fire severity classes for (a) patches less than 1
ha, (b) patches between 9 and 10 ha, (c) patches between 100 and 200 ha, and (d) patches between
300 and 400 ha. These bin sizes were chosen because they are a representative sample of the shift in
severity with patch size.
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Table 8
Distribution of severity classes by bin size

Bin

Bin size (ha)

skewness

kurtosis

K-S test sig*

n

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

<1
1 -2
2 -3
3 -4

-.079
-.053
-.020
-.090
-.054
.173
-.057
-.055
.034
.000
-.009
-.041
-.394
-.429
-.451

-.645
-.554
-.609
-.544
-.712
-.749
-.691
-.612
-.690

.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.002
.000
.000
.014
.100
.020

15107
5330
2805
1631
1863
564
439

28
29
30
31
32

4-5
5 -6
6 -7
7 -8

8-9
9-10
10-20
20-30
30-40
40-50
50-60
60-70
70-80
80-90
90 - 100
100 - 200
200 - 300
300 - 400
400 - 500
500 - 600
600 - 700
700 - 800
800 - 900
900 - 1000
1000 - 2000
2000 - 3000
3000 - 4000

-j#8
-.873

-.384
-.357
-.578
-.727
-.181
-.160
.870
-2.00
1.659

-1.188
-.970
-1.163
-1.368
-1.490
-1.194
-1.540
-1.381
-.962
-1.874
-2.175
-1.348
4
2.615

—

—

—
—

-.223

—

—

—

—

-1.779

1.406

—

—

.000

—

—

—

—

—

—

384
551
198
1137

396
153
113
51
35

28
27
20

87
17
11
10
4
4
1
2
1
10
0
2

Skewness and Kurtosis for the distribution of severity classes for each patch size bin. Kolmogorov
Smirnov test determ ines norm ality. * K-S test is calculated with the Lilliefors Significance
Correction.

46

with the patches being concentrated in the “high” and “unbumed” classes but little in
between. These results are not unexpected, as significant climatic events can override
factors that limit fire behavior (Bessie and Johnson, 1995) and create large tracts of
homogeneous post fire landscape. Additionally, large unbumed islands are easily and
frequently caused by topographic, or climatic barriers to buming.

Recurrence Intervals
Frequency area statistics were used to calculate recurrence intervals for fire sizes
and patch sizes in the CCE. Using equations from Malamud et. al. (2005), we can
calculate the likely number of years between fires (Table 9) or patches of size X (Table
10). This information can be used as a course guide to expected return intervals, but it is
not very accurate. This is because a two standard deviation shift in the p or a parameter
affects the recurrence interval number. This is especially true for a, which changes the
recurrence interval wildly with even a small shift. The value of this type of analysis is in
uncovering trends, (such was the case in the Malamud et. al. (2005) paper), not for real
numbers to be used for management activities, though recurrence intervals may one day
lend additional predictive value to the power-law concept. The most interesting
application in terms of hazard analysis is the prediction of large, stand replacing patches,
which cannot be reliably predicted since the largest events occur so infrequently. The
technique cannot be used to determine how often we can expect to see the largest patches
which, as we have seen in the previous section, are very likely to be high severity.
Alhough it may seem that some tools are in place that could potentially be used to predict
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Table 9
Recurrence interval table for fire sizes

A f (pixels)
(pixels)
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000

25
50
100
200
300
400
500
1,000
2,500
5,000
10,000
20,000
30,000
40,000
50,000
60,000
70,000
80,000

T ( ^ f) (yrs)

Low T ( ^ f) (yrs)

High T ( ^ f) (yrs)

0.02
0.03
0.03
0.04
0.05
0.06
0.06
0.08
0.12
0.16
0.21
0.28
033
0.37
0.40
0.43
0.46
0.48

0.004
0.005
0.006
0.007
0.008
0.009
0.01
0.01
0.02
0.02
0.25
0.03
0.04
0.04
0.04
0.04
0.05
0.05

0.01
0.12
0.19
0.27
0.32
0.37
0.41
0.57
0.89
1.23
1.71
238
239
3.31
3.69
4.02
433
4.60

For fire sizes, period length 35 yrs
A r IS the area of the region we are calculating the recurrence interval within.
is the size of the fire we are calculating the recurrence interval for.
T ( > A f ) is the recurrence interval calculated from the original p and a values.

Low T ( ^ p ) is calculated with two o subtracted from the absolute value of both the p and a values.
This gives us the lower bound of possible recurrence intervals.
High T ( ^ f) is calculated with two a added to the absolute value of both the p and a values. This
gives us the upper hound of possible recurrence intervals.
A pixel equals 0.81 ha, or 2 ac

48

Table 10
Recurrence interval table for patch size

A r (pixels)

A f (pixels)

T C ^ f) (yrs)

1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000
1,000

1
5
10
20
30
40
50
100
200
300
400
500
600
700
800
900
1,000

0.01
0.04
0.07
0.13
0.18
0.22
0.26
0.45
0.79
1.08
1.36
1.62
1.87
2.11
234
2.58
280

Low T ( ^ f)
(yrs)
0.01
0.02
0.02
0.03
0.04
0.05
0.06
0.08
0.12
0.15
0.17
0.20
0.21
0.24
0.25
0.27
0.29

High T ( ^ f)
(yrs)
0.01
0.06
0.13
0.27
0.41
0.55
0.68
1.40
2.90
4.36
5.86
238
8.90
10.43
11.98
13.52
15.07

For all patches, period length is 14 yrs.
A/f is the area of the region we are calculating the recurrence interval within.
A pi s the size of the fire we are calculating the recurrence interval for.
T Ç ^ f) is the recurrence interval calculated from the original p and a values.
Low T ( ^ f) is calculated with two a subtracted from the absolute value of both the p and a values.
This gives us the lower bound of possible recurrence intervals.
High T Ç ^ p ) is calculated with two o added to the absolute value of both the p and a values. This
gives us the upper bound of possible recurrence intervals.
A pixel equals 0.81 ha, o r 2 ac.
P = 1.79
Log a -1.15
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the amount of stand replacing fire we may expect to see in the CCE over longer time
periods, future work will be necessary to accomplish that goal.
Salient points from the analysis of patch-size distributions of large fires in the
CCE are listed below, and will be discussed in the following chapter.

• Power-law relationships exist for fire size distributions in the CCE and compare
well to those calculated by Malamud (2005) for a variety of regions in North
America.
•

The size distribution for bum severity patches in the CCE is power-law and p is
similar for all fires.

•

P is a good complimentary descriptor of the effects of a fire on a landscape, and a
good basis from which between fire comparisons can be made.

•

Log a corresponds to patch density and contagion has the potential to be used in
place of those metrics, although further work is warranted.

• Patch size distribution for the prescribed fire near the South Fork of the Sun River
is power-law and has a similar beta value to the wildfires.
•

The distribution of severity classes changes as the patch size increases, becoming
bimodal and consisting mostly of “high” severity and “unbumed” patches at the
largest patch sizes.

•

Recurrence interval data has little predictive power in this case, although future
work in this area is warranted.
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Chapter 5: Conclusions
Any advances in our ability to quantify and identify the effects of fire on the
landscape will serve to benefit land managers and researchers. I have explored two ways
to do this, and have uncovered several interesting findings.
Satellite imagery allows us to collect data on fires that occurred in the past, on a
regional scale, and with limited cost and time expenditure, and NBR data provide a
suitable opportunity for studies of fire effects and post fire patches and landscapes. It is
not without its limitations, though, and several issues have arisen. First, as with any
remote sensing application, we are limited by the smallest observable unit detectable by
the sensor. Therefore it could be argued that some patches (sub-pixel size) have been
ignored here. This is unavoidable and should not preclude remote sensing imagery from
being used for these types of studies. Furthermore, for regional studies of this nature,
extremely fine grained studies are not indicated. Second, it is accepted that the NBR
threshold values may be adjusted from fire to fire. Adjustments were not possible for this
study, and are not considered critical as the values do not vary broadly. It is worth noting
that while classifying NBR into the six severity categories is largely subjective, its use as
a tool for change detection in post fire landscapes is quite powerful. Certainly, these
limitations do not outweigh the benefits of using remote sensing data in general, or the
NBR specifically.
It is important to distinguish between the FRAGSTATS analysis and the powerlaw analysis. While the results may seem to contradict initially, one must consider that
they measure different aspects of post fire conditions, and a lack of agreement is perfectly
reasonable.
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The range of variation in the configuration and composition of post-fire
landscapes is broad as measured by FRAGSTATS. Furthermore, there is no discernable
pattern of composition or configuration as observed through the analysis of patch, class
and landscape metrics. Fires in the CCE do not appear any more similar when viewed as
a table of metric values as they do when observed on the ground with the naked eye.
While the similarities of fuels, weather, and topography in the CCE might suggest that
many fires experience similar buming conditions, the effects of each combine in such a
way as to result in complex patterns that cannot be predicted. For the same reasons, the
patterns are not repeated in this study, and are unlikely to repeat anywhere. This is
significant, as it implies that specific post-fire aspects of configuration are not the rule in
the CCE and cannot be managed for. Additionally, it calls into question the usefulness of
terms such as “mixed,” “stand replacing,” or “low severity” fire regime, since the
percentage of landscape that fall within each of these categories varies broadly from fire
to fire.
The topic of fire regime in the CCE has been studied by several authors (Morgan
et. al., 1996; Amo, et. al., 2000; Barrett et. al., 1991). Barrett et. al. (1991) say that two
fires regimes exist in their study area in Glacier National Park, a mixed severity regime
and a stand replacement regime. Their study area is comprised of three sections of the
westem side of the park, in which several of the fires in my study bumed. Amo et. al.
(2000) say that mixed severity regimes are prevalent in the CCE and result in “patchy,
erratic pattems of mortality on the landscape.” Given the results of both the power-law
and traditional landscape metrics analyses, it is difficult to accept the notion of a simple
“stand replacing” fire regime in the CCE. My results show quite clearly that all of the
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fires resulted in patchy, erratic post fire pattems. Therefore I cannot conclude that any of
the large fires that bumed in the CCE from 1988 to 2001 were stand replacing, even
though patches (sometimes very large ones) of high severity, stand replacing fires
undeniably occurred. A comparison of the frequency-area distribution of patch sizes in
the CCE with that of a “high frequency-low severity” regime might shed light upon the
ability of the power-law distribution (specifically p and a) to differentiate between fire
regimes.
While some aspect of fire regime should describe the expected severity of a
wildfire in certain areas, it is clear that all types of fire (based on severity) have occurred
in the CCE in the past 20 years. Similarly, previous studies have shown that stand
replacing fire has historically occurred in the “high frequency, low severity” ponderosa
pine stands in the Black Hills of South Dakota (Shinneman and Baker, 1997), so this
variability in fire severity is not limited to the CCE. While these terms may be used with
discretion by managers and researchers who are aware that significant variability in
severity is observed in post-fire landscapes, a better description of fire severity regimes
might benefit the lay-person and reduce confusion in public outreach and education. Such
oversimplified terminology has little value in the CCE, as not a single fire in the study
can be described as stand replacing with any degree of confidence.
The presence of power-law behavior in the patch size distribution for each fire in
the study is itself an interesting finding. This indicates a previously unknown
commonality between post-fire landscapes, and raises interesting questions about the
associated theory of Self-Organized Criticality and its implications for fire management.
One important implication of SOC is that “catastrophic” (i.e., very large) events will
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inevitably occur; therefore the CCE has likely not experienced its last Canyon Creek-like
fire. SOC theory would also suggest that post-fire landscapes are not random
manifestations of fuels, weather and topography, but rather are a result of place
dependent factors that will combine in such a way as to result in similar power-law
distributions time after time. Similar place dependent nonrandomness has been illustrated
for rockfall data (Dussusage-Peisser et. al. 2002) and streambank failure (Fonstad and
Marcus, 2003). SOC is a controversial theory, and some believe it to be an
oversimplification since it has been applied to so many processes. It is important to
reiterate that despite this controversy, acceptance of SOC is not required for one to accept
the significance of power-law distributions in natural systems.
Simply the presence of the distribution is intriguing, but the behavior of p and log
a are most important. All fires have a p value that is within two standard deviations from
the others. P is the ratio of large to small patches, and is a measure of fire effects, p has
been considered indicative of fire regime in other studies (Malamud, 2005), and similar
importance can be assigned here. Given this similarity, it can be concluded that P is
useful as a baseline condition in the CCE. If the regional variation of p reported by
Malamud (2005) for fire sizes holds true for bum severity patch size distribution, the
value may be used to bound fire regimes in a new way. Coupled with the information on
predominant severity type by patch size (explained below), this type of classification
would yield more detailed information on the severity aspect of fire regime than a simple
“high severity, low frequency” designation does. Additionally, p could be used as an
indicator of the “health” of the fire process, and future management decisions and
research judgments can be made based on deviations or adhérences to this condition. At
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the very least, observed future deviations from the p values found in this study should be
investigated for potential causal mechanisms.
In the fire size distribution paper by Malamud (2005), the significance of log a is
somewhat hazy. For patch size distribution however, it is quite clear that this value
corresponds with certain landscape metrics, and allows one to glean spatial information
on post-fire landscapes. Log a is an appropriate patchiness indicator in systems that
display power-law relationships. The value corresponds well with both patch density and
contagion. Both of these are considered important landscape metrics that are used often in
landscape ecology studies. This product of the power-law analysis represents the spatial
component of the post-fire landscape, and it varies just as the traditional landscape
metrics vary in the FRAGSTATS section.
Reed and McKelvey (2002) criticized the application of power-laws to fire size
distribution. They claim that upon examination of unabridged datasets, power-laws do
not hold true, and they cited papers by Malamud et. al. (1998) and Ricotta et. al. (1999)
as examples of flawed studies. Reed and Mckelvey (2002) claim that the Ricotta et. al.
(1999) paper achieved a power-law fit only after omitting the largest and smallest fires
from their data. A similar criticism cannot be made with regards to severity patch size
distribution, as all patches derived from the NBR were included without exception.
Additionally, Malamud (2005) showed that the power-law relationship holds true for an
unabridged data set of fire sizes. Reed and McKelvey claim that for the results published
by Malamud et. al. (1998) to hold true, the extinguishment rate must be equal to the
expected incremental growth rate, a state that they claim to be improbable, but not
impossible. This criticism does not apply to severity patch size distributions, as the
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boundary of a patch does not require extinguishment, only a change in buming
conditions, which can be precipitated by a variety of factors, and is a much less restrictive
occurrence.
The patch size distribution of the South Fork of the Sun prescribed fire exhibits
power-law behavior, and p for this bum is similar to the wildfires. Therefore, this
prescribed fire mimicked natural fire effects in at least one significant way. Power-law
analysis may help determine the effectiveness of buming for natural conditions. It would
also seem that if the goal is to create natural fuel breaks, mimicking patch size
distribution would be a good goal, as patchiness may contribute to a slowing of fire
spread. How is p affected by season of bum, or ignition method? These questions could
be addressed rather simply and lead to a better understanding of the pattem that results
from prescribed fire.
The severity class of patches changes as the size increases. The largest patches are
typically high severity or large unbumed islands. In the smallest size classes, the
distribution of classes is fairly normal. A shift in these distributions may signal a change
in fire regime and would be a useful monitoring tool for this purpose. While the use of
recurrence intervals to predict the likelihood of observing large patches (which are often
high severity) is intriguing, the methods used here fall short. The wide range in
recurrence interval numbers resulting from the two standard deviation range of p and a
values make it useful only for identifying trends, but has little predictive power in this
case.
Malamud et. al. (2005) and Minnich and Chou (1997) showed that the distribution
of fire sizes are power-law, and illustrated the value of this type of analysis on a course.
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multi-regional scale. The application of their methods to patch sizes brings power-law
analysis down to a finer scale such that these techniques may be brought to bear on real
management problems in the near future.

Future work
Future investigation of the power-law concept applied to wildfire is warranted.
With NBR data for many of the fires that bum on federal land available to the public, a
broad scale inventory of power-law relationships in bum severity patch data would be
relatively simple to accomplish. Armed with this information one could address a number
of hypotheses about the severity regimes of disparate regions, or the relationship between
log a and patch density or contagion across a variety of ecosystems. Potential research
topics should include broader regional studies of bum severity patch-size distribution,
and further work on the effectiveness of prescribed fire programs.
The question of why patch sizes follow power-law distributions in the CCE is not
addressed here, and one can only speculate as to the reason. It seems that the conditions
that allow large patches to occur happen rarely, while slight changes in fuels, weather or
topography may precipitate a change in buming conditions sufficient to create a patch
boundary. Models, where the factors that drive fire behavior can be modified, may be a
suitable environment in which to test hypothesis about the factors that result in the
power-law distribution.
While I was able to identify the power-law distribution in 11 wildfires in the
CCE, no causation for this behavior was identified. One difficulty in utilizing power-law
distributions to describe ecological phenomena lies in identifying causation for changes
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in (3 and a, as the literature suggests little in the way of an ecological definition of either.
Future work should include investigations of fires stratified by fuels, weather, and
topography to attempt to ascertain the contribution of each on the distribution, and the
effects that each has on the frequency-area statistics. Similar work should be done to
address the effects of fuels treatments on the patch-size distribution.
What effect does duration of bum have on the frequency-area statistics? Does the
number of buming periods influence the patch, class, and landscape metrics? It seems
likely that a fire that bums for many days would be structurally different from one that
bums for just a few, even if the total area bumed is the same. It would be interesting to
investigate both diumal effects on pattems of severity and patch size distributions, as well
as seasonal effects for fires that bum for many weeks or months. This might be addressed
through analyses of individual bum periods, or of fires stratified by the number of active
bum periods they experienced.
Managers and researchers are likely to be curious about the ability to predict the
likelihood of high severity patches occurring and understanding the processes that cause
them. Therefore, power-law analysis of high severity patches alone might be useful. If (3
values for high severity patches are different from those of other severity classes (or all
classes combined) what would that suggest about the nature of the process that caused
them?
Other authors (Ricotta et. al., 2001, Reed and McKelvey, 2002) have suggested
that power-law distributions exist for restricted scaling regions only, and that several
power-law coefficients (|3) can be assigned for a particular data set. This should be
investigated for patch sizes, as the implications are potentially significant. If breakpoints
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in the power-law coefficient are found at large patch sizes, this might suggest quantitative
differences in fire processes that create large patches compared to those that result in
small ones. An examination of the residuals of the frequency-area linear regression might
be a useful first step in identifying these breakpoints.
The results of the analysis of fire severity by bin size (Fig 6a-d) yields
information on the predominant severity classes for patches of certain sizes. It also raises
interesting questions that might be addressed by future work. How might changes in
weather pattem effect the distribution of severity types for a given patch size? Have there
been historic shifts in these distributions? This information might be helpful in
monitoring for shifts in fire processes, and affects of fuels management activities, and the
information on the relationship between patch size and severity distribution would help to
address these questions.
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